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Abstract 
A detailed knowledge of the solar resource is essential for the planning and operation of solar energy systems. For 
characterizing the solar resource in a specific location over a longer period of time, such as 30 years, typical 
meteorological year (TMY) data sets are commonly used. The TMY comprises hourly values of solar radiation and 
meteorological elements for a 1-year period, chosen to represent 'typical' conditions in ten or more years of data. 
Consequently, TMY are not suited for designing systems to meet both the variability and the extreme conditions 
occurring at a location. In this work, probability distribution functions that contain the natural variability of the solar 
resource are analyzed. These distributions facilitate the generation of large data sets of monthly series of solar 
radiation; each of these yearly series can be seen as a feasible year and, therefore, possible years are used instead a 
median year that doesn’t contain information about variability or extreme conditions. 
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1. Introduction 
Solar energy technologies provide a clean and renewable energy source, constituting key components 
of a sustainable energy future. Precise information on solar radiation at a given location is essential for the 
design and evaluation of systems for harnessing solar energy. Modeling system performance and 
economics of solar thermal power plants has been carried out traditionally by means of deterministic 
analyses. Most of simulation tools use a one-year series at hourly scale, constructed to reproduce “typical” 
months of the most important variables (including Global Horizontal Irradiance (GHI) and Direct Normal 
Irradiance (DNI)) out of a series of 30 years of actual (measured or modeled) data, defined as Typical 
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Meteorological Year (TMY) [1, 2]. Throughout this approach, input parameters are “specific (point) 
values” rather than distributions of values that honor the inherent uncertainty in many of the system 
features and processes. As a result, the confidence and uncertainty associated with the results are 
unknown [3]. 
The purpose of this work is to characterize long term GHI series, and also to propose a method for 
generating monthly GHI values. This method could provide any number of monthly data sets, 
representative of the location natural variability characteristics. The output of this generation should 
approximate the natural characteristics as far as possible, and could be used successfully to emulate the 
natural climatic variability and for testing models of system performance. 
2. Methodology 
2.1. Experimental data 
A set of monthly GHI measured data covering different climate zones and geographies has been 
analyzed. The data base contains thirteen ground stations sited between latitude 53ºN and 25ºS, and 
covers altitudes between sea level and 3100 m above sea level. There are also stations sited in different 
climate zones from polar to desert areas. This set has been separated into training (eleven sites) and 
testing stations (two sites). Stations selected are operated by World Radiation Data Centre (WRDC) [4], 
University of Oregon solar monitoring laboratory (UOREGON) [5] and Baseline Surface Radiation 
Network (BSRN) [6]. The list of the stations is given on table 1. 
Table 1. Ground sites list 
Station Climate Period Lat (º) [+N] Long (º) [+E] Elevation (m) Operated by 
Hamburg Oceanic 1964-1993 53.97 10.00 14 WRDC 
Valentia Warm-summer mediterranean 1964-2007 51.93 -10.25 30 WRDC 
London Warm-summer mediterranean 1964-2005 51.52 -0.12 77 WRDC 
Vienna Humid continental 1964-2008 48.25 16.35 203 WRDC 
Sonnblick Polar (tundra) 1987-2007 47.05 12.95 3105 WRDC 
Davos Polar (tundra) 1969-2007 46.82 9.85 1610 WRDC 
Hermiston Cold semi-arid 1979-2006 45.82 119.28 180 UOREGON 
Burns humid subtropical 1979-2006 43.52 119.02 1265 UOREGON 
Boulder Cold semi-arid 1992-2010 40.05 -105.01 1577 BSRN 
Ahmedabad Hot semi-arid 1964-2007 23.07 72.63 55 WRDC 
Caracas Tropical savanna 1970-1999 10.6 -66.98 43 WRDC 
Alice Springs Hot desert 1996-2011 -23.8 133.89 547 BSRN 
Maputo Tropical savanna 1964-2006 -25.97 32.6 70 WRDC 
2.2. Modeling approach 
The analysis of global irradiation values has been carried out in terms of the clearness index, which 
represents the ratio of global horizontal irradiation, at ground level, to the horizontal extraterrestrial solar 
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irradiation at the same time interval. At monthly scale, this parameter will be denoted as ktm. The behavior 
of ktm is characterized by the probability density function P(ktm), meeting the following normalization 
condition:  
 1
0
1tm tmP k dk  ³    (1) 
We have divided the possible range of clearness index into 50 intervals, 0.02 in width, denoted 
(0|0.02|1). 
Previous works have analyzed the geographic dependency of monthly GHI data sets, by means of the 
application of several methods for geographical separation, obtaining negative results. Moreover, no 
seasonal dependence has been found in monthly GHI datasets of USA stations, whereas european 
locations analyzed show slight seasonality [7]. 
A Previous analysis of the statistics of the monthly solar radiation series has shown that their 
autocorrelation coefficients with lag 1 are statistically significant only for a few locals [8]. As a first 
approximation, in this work no autocorrelation will be considered for generating ktm series. 
3. Results 
3.1. Probability distributions of ktm values 
Assuming that the ktm series depend only on their long term value, <ktm>, we have analyzed the 
probability density distributions of ktm conditioned to particular values of their long term mean in the 
analyzed stations (table 1). As stated in the previous section, no autocorrelation in ktm series will be 
considered in this work, and each month of the year will be analyzed independently from the other 
months of the year, and also from the yearly value. Statistical properties of ktm series conditioned to <ktm> 
are shown in table 2. 
Table 2. Statistics of the distributions of ktm for each long term value interval analyzed 
<ktm> 
interval 
Assigned 
nominal value 
Number of 
cases Average Maximum Minimum 
Standard 
deviation Skewness Kurtosis 
0.225-0.275 0.25 226 0.263 0.373 0.161 0.0419 0.139 -0.234 
0.275-0.325 0.30 307 0.297 0.438 0.155 0.0467 0.036 0.028 
0.325-0.375 0.35 316 0.348 0.499 0.207 0.0510 0.217 -0.042 
0.375-0.425 0.40 711 0.395 0.562 0.246 0.0533 0.189 -0.046 
0.425-0.475 0.45 556 0.448 0.585 0.304 0.0507 -0.061 0.144 
0.475-0.525 0.50 776 0.493 0.656 0.340 0.0467 -0.033 -0.002 
0.525-0.575 0.55 491 0.549 0.685 0.419 0.0491 -0.019 -0.290 
0.575-0.625 0.60 422 0.604 0.734 0.469 0.0474 -0.010 -0.087 
0.625-0.675 0.65 546 0.649 0.756 0.467 0.0439 -0.658 0.867 
 
 
Fig. 1 shows probability density distributions of ktm series as a function of their long term value. These 
distributions show an evident unimodal character, and a few range of values compared with similar 
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distributions at hourly or minute scale [9, 10]. These facts can be explained in terms of the reduced range 
of the ktm values that corresponds to a given long term value. The distributions present a marked 
symmetry around a central value that is close to the corresponding <ktm>. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Probability density distributions of ktm. 
In this work, the experimental distributions found are described by gaussian functions (Fig. 2). Each 
ktm distribution is, thus, defined by its mean value <ktm> and its standard deviation V(<ktm>). 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. Gaussian fitting of probability density distributions of ktm. 
The standard deviation of the distributions normalized by long term mean <ktm> as a function of <ktm> 
can be approximated by a polynomial function, which adjustment parameters are shown in table 3: 
  2 3 4
0 1 2 3 4+a
tm
tm tm tm tm
tm
k
a k a k a k a k
k
V  !    !    !    !    ! !   (2) 
Table 3. Adjustment parameters of curves of the proposed model 
a0 a1 a2 a3 a4 
-0.22028 3.89143 -13.931 20.224 -10.725 
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3.2. Generation  of monthly GHI values 
The procedure for generating monthly GHI series is based on its long term values and the probability 
functions statistics defined in the previous section. Individual long term monthly GHI values are 
transformed in the corresponding <ktm> values, from which individual ktm values are generated by: 
    g 0,tm tm tmk k kV  !   !    (3) 
Being g a random number of a gaussian distribution characterized by a null mean and standard 
deviation V(<ktm>). There are a variety of methods for generating random numbers that belong to this 
gaussian distribution. For example, pick a random number z from a uniform distribution in the range [0, 
1], and apply the transformation: 
      0.1350.135 1g 0,
0.1975tm tm
z z
k kV V   !   !    (4) 
Finally, generated ktm values according to this procedure are transformed into the corresponding GHI 
values, by means of the corresponding extraterrestrial irradiation. Table 4 shows standard deviation of 
monthly GHI measured series, as well as the corresponding ones provided by the model, in the stations 
reserved for validation. 
According to table 4, there is a similarity between measured and generated standard deviation values, 
showing generated values a smoother pattern than the corresponding values from measured series. 
Table 4. Standard deviations of monthly GHI series (kWh/m2)  
Station GHI series jan feb mar apr may jun Jul aug sep oct nov dec year 
Boulder 
Measured 5.0 7.2 10.3 14.1 17.1 17.6 12.3 9.9 8.9 9.8 7.3 6.6 38.8 
Generated 6.5 7.8 11.6 14.3 16.8 16.6 16.6 15.2 12.1 9.7 6.8 5.8 42.7 
Sonnblick 
Measured 5.8 8.5 9.9 13.4 11.1 19.0 16.7 18.1 15.2 16.5 5.7 4.1 45.0 
Generated 4.2 5.3 9.0 12.6 16.2 17.3 17.4 15.2 11.3 7.7 5.0 3.8 40.1 
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Generated series of monthly GHI are compared with the measured data from stations reserved for 
validation. Measured and generated monthly GHI values are statistically similar, according to 
Kolmogorov-Smirnov test (p > 0.05). Histograms of monthly GHI series measured and generated are 
shown in Fig. 3. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Histograms of measured and generated monthly GHI values (Boulder). 
 
Table 5 shows statistical analysis of measured and generated monthly GHI series in the stations 
reserved for validation. A good statistical agreement between measured and generated series is found. 
Table 5. Statistics of the monthly series of GHI measured and generated (kWh/m2) 
Station GHI series Number of points Average V Skewness Kurtosis Maximum Minimum 
Boulder 
Measured 216 136.2 51.53 0.009 -1.373 233.0 45.9 
Generated 216 136.5 51.45 -0.024 -1.461 223.5 52.5 
Sonnblick 
Measured 252 121.6 48.9 -0.092 -1.389 208.2 42.3 
Generated 252 122.2 50.5 -0.035 -1.377 214.5 40.4 
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4. Conclusions 
In this work, we have used monthly GHI data acquired in stations located in different latitudes and 
climates to study the probability density distributions of their monthly clearness index, ktm. The 
distributions of ktm values of each month conditioned to their long term mean value <ktm> show unimodal 
patterns and are fitted by Gaussian functions. By means of the characteristics obtained of these 
distributions, series of monthly GHI have been generated from their long term means for two stations 
reserved for validation, showing good agreement between measured and generated sets. Future works 
must be directed to the analysis of the temporal dependence of monthly GHI series, to investigate more 
climate regions and longer temporal series, as well as to explore the influence of seasonal dependency. 
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